Abstract -This paper presents the key concepts, system architecture, implementation details, and performance of an accelerometer-equipped bottle for monitoring and tracking liquid intake. The key system component is an elastic band, equipped with sensor and other electronics, which can be attached to a regular water bottle in order to track the bottle's usage movements. The software running on the band captures and detects acceleration signatures that the bottle experiences specifically during drinking events. Detecting such drinking events can lead to higher level monitoring such as tracking the consumed liquid volume. A Bluetooth based wireless link out of the electronic band is used for sending the detected drinking events to a smartphone or to a notebook computer for higher level tracking and data management. Different machine learning methods were adopted and experimented with for both drinking event detection and intake volume estimation. Through experiments on nine healthy subjects, the system is shown to be able to achieve up to 99% accuracy in drinking event detection, and up to 75% accuracy for intake volume estimation.
INTRODUCTION
Regular fluid intake is essential for human body. Around two thirds of human body is water, which is constantly lost by the way of breathing, urination, perspiration and defecation. Severe water deprivation or long-term low water intake can lead to a slew of various health problems. A person can experience headache, thirst, dizziness, lethargy, dark urine or low urine output, constipation, and dry and sticky mouth when dehydration becomes prolonged. More severe dehydration can cause an inability to sweat or create tears, confusion, low blood pressure, rapid pulse, fast breathing, fever, even death.
Maintaining proper hydration level is essential for a number of physiological processes including waste removal, electrolyte balance maintenance, and heat dissipation. Removing Waste: The kidneys rely on water in the body to shuttle out urea and other toxic wastes from the blood. The entire blood supply passes through the kidneys every 5 minutes to ensure that the waste does not build up in the body. Absence of regular and sufficient water intake can prevent the kidney from removing waste efficiently.
Electrolyte Balance: Electrolytes, such as sodium and potassium, are charged ions that conduct electrical signals in the body. All the cells in the body depend on electrolytes. Insufficient water intake can break electrolyte balance and affect the function of cells. Human brain is composed of 10 11 neurons, and each neuron has about 10 4 synaptic connections to other neurons. The electrical and chemical connections among neurons heavily depend on electrolytes. Thus dehydration may cause neural dysfunction, leading to seizures and involuntary muscle contractions.
Heat Dissipation: The human body responds to high temperature by producing sweat. Sweat evaporates on the skin to reduce the surface temperature. Since sweat production depends on a steady supply of body water, dehydration can impede sweat production, leading to poor body temperature control which can cause headache, dizziness, fatigue, hallucination, seizures, and loss of consciousness. When body temperature rises beyond 40 degrees Celsius, it can be life-threatening.
In addition to the amount of water consumed, the frequency of water intake is also important. Dehydration is very common among the elderly because of their lack of thirst sensation. It is generally recommended that they should drink small amounts of water many different times throughout the day, instead of drinking large amounts on fewer occasions [1] , because drinking a lot of water at once can expand the stomach, which in turn, reduces the sense of thirst.
Questionnaire based self-reporting and indirect estimation methods are often inaccurate due to their inherent subjectivity. Therefore, an instrumented system that is able to detect each instance of water intake and use that information for tracking a user's hydration level can have enormous health significance. Amft et al [2] developed a wristband based fluid intake monitoring system. It was demonstrated that the proposed method was able to detect "Fetch" events with 84% recall and 90% precision, and "Sip" events with 84% recall and 94% precision. While offering a feasible method for fluid intake detection, the mechanism suffers from the following shortcoming. First, a user needs to wear a special wrist-band specifically for this purpose which may not always be accepted. Second, people may use either hand for holding a water bottle for drinking especially when the dominant hand is engaged in some other activities, such as operating a computer. Chiu et al [3] presented a "Playful Bottle" to detect liquid intake and developed games on the phone to promote fluid consumption. The Playful Bottle is a transparent plastic bottle using glued LEGO bricks to attach a phone with a specific position and angle. The accelerometer equipped with the phone was used to detect each sip event, and a picture was taken by the camera on the phone to detect the level of liquid in the cup. Experiments demonstrated over 96% accuracy in volume detection, and the game effectively increased the liquid consumption as proposed. While providing a mechanism for in-lab study, this method of attaching a phone to water bottle cannot be practical. A bottle that can hold a phone is too big and cumbersome for daily usage. The involvement of camera also brings privacy issues.
Some commercial products have also been developed for liquid intake monitoring. HydraCoach (Sportline Inc., New York, US) is a bottle that uses a magnetic impeller in the straw to detect volume of liquid intake. The magnetic impeller rotates when the liquid flows through the straw, and the magnetic sensor attached to the straw detects the rotation from which the consumed volume can be calculated. The HydraCoach bottle is not suitable/designed for non-water drink, such as, tea, coffee, etc, which when dried, can clog the impeller. Also, when the used water is hard, calcification on the impeller in the long run can slow or block its rotation, leading to lower detection accuracies.
In this paper, we present a "dry solution" involving an accelerometer-equipped sensor band that attaches to a water bottle for liquid intake monitoring. The system works by the way of detecting the unique acceleration signature of tilting the bottle while drinking water from it. This approach does not need any modification to existing bottles as used in existing "wet solutions" while requiring zero user intervention. We demonstrate the ability of the proposed system to achieve good accuracy on drink event detection, and low error in detecting the overall consumed volume. Drink event detection can be used for tracking an individual's hydration level/record at the resolution of sips per unit time, and the consumed volume per unit time can be used for higher resolution tracking.
II. METHODS
A. System Architecture As shown in Figure 1 , the electronic band for intake detection is attached to a bottle for collecting the acceleration data, and the data is then wirelessly transmitted to a smart phone through Bluetooth. The sensing module in the band contains: 1) µController and Bluetooth module (TI EZ430-RF256x), which is equipped with a tri-axial accelerometer, 2) a 300mAh Lithium Polymer rechargeable battery, 3) a charging circuit, and 4) a push-button switch for recording user input, which is used for tagging and timing events for training purposes only. The battery is able to support the system for more than 30 hours of continuous operation on a single charge. The press-button is connected to an ADC channel of the µController, and it is used only for control (i.e., a subject press the button when drinking to indicate the ground truth used for machine learning). All three modules in the band are connected and packaged in a 2.6cm×4.1cm×2cm 3D printed enclosure, and weighs around 30 grams. The acceleration data and the press-button activity information is transmitted from the band to the smart phone, and stored on an SD card. The advantage of using a smart phone in this application is that the system can be networked with other physiological [4] and physical activity [5] sensors to develop a networked sensing/detection system to provide a comprehensive health monitoring system in the future.
B. Acceleration Signature during Water Intake
During drinking, acceleration fluctuations of the bottle-attached band can be observed in all 3 axes. The maximum amount of bottle tilting information is captured by the y axis regardless of the relative position and rotational state of the bottle. The acceleration readings on x and z axes, however, are of minimal value for our purposes. This is mainly because they depend on the relative position of the sensing module and user's body, and not on the tilts created by the drinking events themselves. For example, when the sensor module faces the user, the readings on the x axis become insignificant during drinking. Similarly, when the sensor module and the bottle rotate 90 degrees along the axis of the bottle, the readings on the z axis becomes very small. It is due to these reasons that all the subsequent algorithms are developed for analyzing only the y-axis acceleration data for extracting drinking signatures. Figure 2 demonstrates an example sequence of sips while drinking a whole bottle of water. Each spike in the figure represents a drinking event, and the height of a spike corresponds to the amount of bottle tilt during the drink. It can be seen that the angle of tilt (i.e., the height of spikes) generally increases as the bottle becomes progressively emptier. As shown in the inset in Figure 2 , each sip can be divided into 3 parts, denoted as a, b and c. During part a, the subject tilts the bottle so that the water gets in touch with lips; during part b, the subject drinks water from the bottle and keep tilting it slowly so that water can constantly flow into the mouth; during part c, the subject finishes drinking and brings the bottle back in its vertical configuration. Fluctuations before a, and after c reflect handling of the bottle before and after touching the mouth. This sequence of activity associated with drinking was observed to be quite general and predictable across different drinking sessions for both a given subject and across different subjects.
This specific pattern of acceleration in Figure 2 serves as an acceleration signature, and can be successfully used for detecting drinking events. The duration of part b, and the height of the spikes are generally correlated with the amount of water consumed in each drinking event.
C. Processing Scheme Figure 3 depicts the logic for detecting the drinking events and the estimation of corresponding volume for each such event. The scheme can be divided into three major parts: 
segments the continuous acceleration data. Each segment corresponds to either a drink event or a non-drink event. Non-drink events are caused by artifacts such as carrying the bottle during walking, movement of the bottle on hard surface, changing the bottle configuration when it is in a backpack pocket, etc. The Event Identification module performs accurate detection of the drink events against non-drink events for each data segment provided by the event extraction module. The Drink Volume Estimation module estimates the volume of liquid consumed during a given period or session. In the Event Extraction module, the raw data sampled by ADC at 100Hz is first fed into a low pass filter for removing quantization noise caused by the A-to-D conversion process. We use 11-point moving average as the low pass filter. The second step is to run the filtered data stream through a window selection module, where the filtered data is divided into 30 seconds long windows that are 50% overlapping. The valley detection module then detects the local minimum points (i.e., valleys) within each window. Because of the residual noise in the data, the distance between consecutive valleys is usually small, and the amplitude is minimal. However, in case of the drinking events, as shown in Figure 2 , the distance and amplitude can be much larger. We used a temporal threshold of 2 seconds and amplitude threshold of 0.2g to extract the data segments, each of which indicates either a drinking event or a non-drinking event caused by other bottle movements. The extracted data segments were then fed into the Event Identification module as shown in Figure 3 .
In the Event Identification module, extracted features include: Height: indicates the height (H) of a spike (see Figure 2 ) and corresponds to the maximum angle that the bottle was tilted at during an event. It can be expressed as follows: ‫ܪ‬ ൌ ݉ܽ‫ݔ‬ሺ݀ܽ‫ܽݐ‬ሻ െ ݉݅݊ሺ݀ܽ‫ܽݐ‬ሻ, where data is the data set representing a drinking or non-drinking event. Duration: represents the duration of a drink event, and corresponds to the sum of a, b and c in Figure 2 . It partially reflects the amount of water consumed, and can be expressed as: ‫ܦ‬ ൌ ‫.‪ܽሻ‬ݐܽ݀‪݂ሺ‬݁ݖ݅ݏ‬ Mean: depicts the mean acceleration of the data segment, and can be expressed as: ‫ܯ‬ ൌ ‫.‪ܽሻ‬ݐܽ݀‪ܽ݃݁ሺ‬ݎ݁ݒܽ‬ Increase vs decrease ratio: is the ratio of duration of rising part and that of the falling part, which is (a+b)/c in Figure 2 . Formally, it can be expressed as:
where ݅݊݀݁‫݂ݔ‬ሺmaxሺ݀ܽ‫ܽݐ‬ሻሻ is the index of the peak point for a segments ‫.ܽݐܽ݀‬ Once these features are extracted for each data segment (i.e., a drink or non-drink event), they are fed into the drink event detection module. Various machine learning algorithms were experimented with for implementing the drink event detection and the drink volume estimation methods. Weka machine learning toolbox [6] has been used for these purposes.
III. PERFORMANCE EVALUATION
Experiments using the system as shown in Figure 1 were carried out for drink event detection and volume estimation with 7 subjects, including 1 female and 6 males. 2 more male subjects were recruited specifically for collecting data with artifacts involving non-drinking events as outlined before.
A. Experimental Methods
Each of the 7 subjects was asked to perform 2 sessions of experiments. In each session, the subject was asked to drink one bottle of water at their convenient speed and volume for each sip; the subjects used their own individual bottles which had the same general shape as the one shown in Figure 1 . The weight of the bottle was measured before the experiment and after each sip in order to keep record of the volumes, and the subject was asked to press the button on the sensor module while drinking in order to record the ground truth. Each session lasted around 10 minutes, and a total of 2.5 hours of data were collected. Note that the button-pressing was needed for recording the ground truth, and that is only during collecting data for training purposes.
In order to capture data for non-drinking artifact events, 2 subjects were asked to take the bottle and move freely. The artifacts included: walking and running while holding the bottle and putting it in a backpack, talking while holding it, moving it around on a flat surface, knocking it over, leaving it in horizontal configuration, and many other natural movements other than drinking that a bottle would go through. In total, around 1 hour of artifact data was collected.
B. Results for Drink Event Detection
As presented in Section II.C, the drink event detection scheme can be divided into two parts. Acceleration data is first segmented and selected based on the distance between consecutive valleys as shown in Figure 2 , and described in Section II. In total, 247 individual data segments (i.e., events of type drinking and non-drinking artifacts) were extracted out of which 143 were drink events, and 104 were non-drink artifacts. Note that at this stage, the actual event types were not identified. They were identified by the event identification module at the next stage.
Once the data segments were created, features were extracted for each such segment and machine learning methods were applied to identify the drinking events. Figure  4 depicts the performance of different machine learning methods for the drinking event detection.
In order to avoid over-fitting problem, leave-one-out method was used to demonstrate the generalizability of the proposed algorithm, in which data from one subject are used for testing, whereas data from others are used for training a classifier. More specifically, data from 6 out of 7 subjects who participated in the drinking experiment, and data from 1 out of 2 subjects who participated in the artifacts experiments were used for training a classifier, whereas data for the last two subjects were used for testing the classifier. Different subject combinations were adopted to test the performance of the proposed mechanism, and the average accuracy was reported in Figure 4 . It can be observed that all three machine learning methods that were experimented with have over 90% accuracy. The Artificial Neural Network provides the best performance of 99%. The error bar corresponds to the standard deviation of the performance when data from different subjects were selected to be the test data set.
Note that the above drink event detection can be used for tracking an individual's hydration level/record at the resolution of sips per unit time. Even without the volume estimation mechanism, as reported next, sips per unit time can reliably track and detect an individual's hydration habit changes. Volume estimation provides higher resolution in the tracking process.
C. Results for Volume Estimation
Volume estimation module works based on the observation that when people drink more water during a sip, the cup is usually tilt longer and/or faster. Figure 5 shows two example acceleration signatures of sip events for different volumes, i.e., (a) corresponds to the volume corresponding to 13 grams, and (b) corresponds to 48 grams. It can be seen that the signature in (a) lasts around 2.4 seconds, whereas the signature in (b) lasts around 3.3 seconds. Moreover, the b section in the acceleration signature, as analyzed in Figure 2 , for (b) is also longer horizontally and higher vertically than that for (a). This means the subject tilted the bottle by a larger angle and held this angle for longer in case (b). Features were extracted to capture those signatures, and machine learning methods were applied to estimate the volumes per drinking/sip event. The following protocol was used for evaluating the volume estimation performance. Acceleration and recorded volume/sip data collected for 6 subjects (i.e., for each subject, two 10 minute sessions with around 10 sips per session) were used for training a classifier, and then the acceleration from the 7 th subject (i.e. for two similar sessions) were used for estimating the total consumed volume per session for that 7 th subject. Average estimation accuracies were then computed across all combinations of subject selections. Figure 5 demonstrates the performance for volume estimation using different machine learning methods. The bars in the figures show the average error when different sessions of data were used as test data set. Note that the bars depict the average error for a session, not individual sips. It can be seen that SVM regression method has the best performance with an average error of 25%. The estimation error was caused mainly by the fact that each experiment session lasted only 10 minutes and contains around 10 drink events per session. It can be anticipated that the performance will improve significantly for longer time of liquid intake monitoring. Reduction of volume estimation error by the way of using more data is part of our ongoing effort in this project.
IV.
CONCLUSION AND ONGOING WORK This paper presents an accelerometer-equipped bottle-band for monitoring liquid intake in the form of sips per unit time and consumed volume per unit time. In addition to developing an end-to-end hardware and software system, different machine learning methods were adopted and experimented with for both drink event and volume detection. Through experiments on nine healthy subjects, the system is able to detect drink events with an accuracy of up to 99%, and the average error for volume estimating was 25%. Ongoing work on this topic includes: 1) carrying out experiments on more subjects for longer duration, as the current 25% error for volume estimation is mainly due to limited data size, and 2) minimizing the size of the device and improving the packaging for easier usage. 
